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29 South-East Australia has recently been subjected to two of the worst droughts in the historical 
 
30 record (Millennium Drought, 2000–2009 and Big Dry, 2017–2019). Unfortunately, a lack of 
 
31 forest monitoring has made it difficult to determine whether widespread tree mortality has 
 
32 resulted from these droughts. Anecdotal observations suggest the Big Dry may have led to 
 
33 more significant tree mortality than the Millennium drought. Critically, to be able to robustly 
 
34 project future expected climate change effects on Australian vegetation, we need to be able to 
 
35 assess the vulnerability to drought of Australian trees. Here, we implemented a model of plant 
 
36 hydraulics into the Community Atmosphere Biosphere Land Exchange (CABLE) land surface 
 
37 model. We parameterised the drought response behaviour of five broad vegetation types, 
 
38 based on a common garden dry-down experiment with species originating across a rainfall 
 
39 gradient (188–1125 mm yr-1) across South-East Australia. The new hydraulics model 




40 significantly improved (~35–45 % reduction in root mean square error) CABLE’s previous 
 
41 predictions of latent heat fluxes during periods of water stress at two eddy covariance sites in 
 
42 Australia. Landscape-scale predictions of the greatest percentage loss of hydraulic 
 
43 conductivity (PLC), 40–60 %, were broadly consistent with satellite estimates of regions of 
 
44 the greatest change in both droughts. In neither drought did CABLE predict that trees would 
 
45 have reached critical PLC in widespread areas (i.e. it projected a low mortality risk), although 
 
46 the model highlighted critical levels near the desert regions of South-East Australia where few 
 
47 trees live. Overall, our experimentally constrained model results imply significant resilience 
 
48 to drought conferred by hydraulic function, but also highlight critical data and scientific gaps. 
 
49 Our approach presents a promising avenue to integrate experimental data and make regional- 
 






52 Australia is the driest inhabited continent, with the greatest inter-annual variability in rainfall, 
 
53 and is prone to severe multi-year droughts. Tree species that occur in this environment are 
 
54 well adapted to rainfall variability and extended drought periods (Myers & Neales, 1984; 
 
55 Stoneman, 1994; Arndt et al., 2015), but it is nonetheless unclear whether they will continue 
 
56 to thrive as the climate changes. Some climate studies project more intense, longer lasting and 
 
57 more frequent droughts (Dai, 2013; Trenberth et al., 2014; Cook et al., 2015), although 
 
58 divergence in model projections of future regional precipitation patterns (Collins et al., 2013) 
 
59 makes it difficult to determine how drought characteristics may change. Nevertheless, we can 
 
60 be certain that future drought episodes will occur against the widely predicted background of 
 
61 increasing air temperature in the immediate future (Reichstein et al., 2013; Williams et al., 
 
62 2013; Trenberth et al., 2014). Globally, projected changes in drought incidence are consistent 
 
63 with increased reports of severe drought events (Ciais et al., 2005; Fensham et al., 2009; 




64 Phillips et al., 2009; Allen et al., 2015), declines in forest productivity linked to water 
 
65 limitations (Peñuelas et al., 2011) and associated tree mortality (Breshears et al., 2005; 
 
66 Anderegg et al., 2013; Mitchell et al., 2014). 
 
 
67 In contrast to the apparent increasing global trend in drought-induced tree mortality, there 
 
68 have been relatively few reports of similar events in Australia. Mitchell et al. (2014) in their 
 
69 literature review found only 17 scientific reports of drought-related die-off events since 1891. 
 
70 The decadal (2000–2010) Millennium drought was the worst drought on record for South- 
 
71 East Australia (van Dijk et al., 2013); Figures S1 and S2) and yet, Jiang et al. (2019), 
 
72 attempting to ground-truth remotely-sensed drought impacts, found only four locations where 
 
73 drought mortality was observed during the period. However, archival studies of newspaper 
 
74 reports during historical droughts, such as the Federation Drought (1891-1903), have found 
 
75 numerous observations of drought-related mortality (Fensham & Holman, 1999; Godfree et 
 
76 al., 2019). This poses an important question: is widespread drought-induced mortality rare 
 
77 among Australian trees? Or simply under-reported? 
 
 
78 Despite detailed reporting on the impacts of the Millennium drought on agriculture, 
 
79 hydrology and the economy (Carter & White, 2009; van Dijk et al., 2013), there remains a 
 
80 striking gap in the quantification of drought impacts for Australia’s tree species. This critical 
 
81 knowledge gap means that we do not know which species or forest types are most vulnerable, 
 
82 or what thresholds of drought stress are required to induce tree mortality among Australian 
 
83 species. Without this information, we are limited in our ability to develop or test a 
 
84 physiological understanding of the mechanisms that lead to tree die-off. As a result, we 
 
85 cannot robustly predict future drought vulnerability for Australian trees or predict changes in 
 
86 community species composition due to drought (Mueller et al., 2005; Nepstad et al., 2007; 
 
87 Ruthrof et al., 2015). A better understanding of the required magnitude of water stress that 




88 would invoke hydraulic failure and lead to mortality (Adams et al., 2017) is urgently needed 
 





91 Based on current literature, it is unclear whether species occurring in mesic or xeric 
 
92 environments are most vulnerable to the impacts of drought, or if both environments are 
 
93 equally vulnerable (Choat et al., 2012). We might hypothesise that species growing in more 
 
94 arid environments would be well adapted to water stress (i.e. greater xylem resilience to 
 
95 cavitation). By contrast, in mesic regions, climate variability is typically muted. As a result, 
 
96 ecological adaptions may be less plastic to stochastic drought (Arndt et al., 2015; Jump et al., 
 
97 2017), as witnessed in the large Amazon rainforest droughts (Bittencourt et al., 2020). 
 
98 Similarly, many studies have highlighted a greater drought sensitivity in larger trees, 
 
99 especially in particular taxa (Nepstad et al., 2007; Phillips et al., 2010; Rowland et al., 2015; 
 
100 Bittencourt et al., 2020), consistent with a hypothesis of greater drought stress in mesic 
 
101 species via the water transport system. Conversely, other studies have shown greater impacts 
 
102 of drought in drier environments (Ruiz-Benito et al., 2014; Anderegg et al., 2015), or for 
 
103 species growing at the edge of their distributions (Galiano et al., 2010; Anderegg et al., 2019). 
 
104 Many taller trees could also have invested more heavily in a deeper rooting structure (Fan et 
 
105 al., 2017), which implies resilience may be at odds with apparent greater drought sensitivity. 
 
106 Overall, there is no clear consensus among studies as to where, when, and which species are 
 
107 most vulnerable to the impacts of drought 
 
 
108 One way to estimate drought mortality thresholds is to use empirical approaches based on 
 
109 mortality observations. In the southwestern United States, Anderegg et al. (2015) successfully 
 
110 demonstrated a link between observed mortality of Populus tremuloides and a climatic water 
 
111 deficit metric (the difference between potential and actual evapotranspiration), then inferred 




112 widespread future mortality based on coupled climate model projections and their observed 
 
113 mortality threshold. Where extensive monitoring networks exist (e.g. many countries in 
 
114 Europe), tree mortality has been empirically linked to climate variability (anomalies in 
 
115 temperature and precipitation) and tree age (Neumann et al., 2017). In Australia, based on the 
 
116 17 identified tree mortality events, Mitchell et al. (2014) used the intensity and duration of 
 
117 drought, in combination with heatwaves to define a common probabilistic climatic threshold 
 
118 for all vegetation types across Australia. They found that species in Australian ecosystems 
 
119 were resilient to the majority of historic climatic conditions but are likely to experience 
 
120 greater drought mortality risk by 2050. Such statistical approaches are powerful, but unless 
 
121 underpinned by extensive mortality data sets (e.g. Neumann et al. (2017)), they lack the 
 
122 sophistication to distinguish between regional, or even species behaviour (fundamentally 
 
123 limited by the climate data resolution, which is typically coarse). These statistical approaches 
 
124 also assume that the presentation of climate stresses that occurred in the past will be 
 
125 replicated in the future (i.e. with no change in the interaction between soil moisture, vapour 
 
126 pressure deficit (D), temperature and atmospheric carbon dioxide (Kelly et al., 2016)) and that 
 
127 there is no systematic acclimation and/or adaptation by the vegetation as the climate changes. 
 
 
128 Thus, despite numerous field and manipulation experiments leading to advances in our 
 
129 physiological understanding of the impact of drought, global-scale mortality thresholds 
 
130 remain elusive (Choat et al., 2012; Mencuccini et al., 2015). In places where we do not yet 
 
131 know the in situ mortality thresholds, we are unlikely to be able to link tree mortality to 
 
132 climatic water deficit metrics or hydraulic traits alone, limiting our ability to forecast drought 
 
133 impact globally. Consequently, we might opt for a more physiological approach that 
 
134 integrates climatic stress through the soil-plant-atmosphere continuum via a model. However, 
 
135 simulating the impact of water stress on vegetation function is a key weakness shared 
 
136 amongst land surface schemes used in climate models (Galiano et al., 2010; Egea et al., 2011; 




137 Powell et al., 2013; De Kauwe et al., 2015b; Christoffersen et al. 2016; Ukkola et al., 2016a) 
 
138 and very few approaches mechanistically link soil moisture stress and turnover of plant 
 
139 tissues (but see Xu et al., 2016), or directly simulate drought-induced mortality. 
 
 
140 Our goal in this study was to examine whether we can use this physiological understanding of 
 
141 drought mortality to make predictions at landscape scale. We embedded a representation of 
 
142 plant hydraulics into the Australian land surface model, CABLE (Community Atmosphere– 
 
143 Biosphere Land Exchange). We extend the model by incorporating the “second” drought 
 
144 phase (after stomata have closed), allowing water to continue to be lost via cuticular 
 
145 conductance (Choat et al., 2018). We parameterised this new CABLE-Hydraulics based on a 
 
146 drought manipulation experiment on 12 woody species originating from a broad precipitation 
 
147 gradient (mean annual precipitation: 188-1125 mm yr-1) across southeastern Australia (Li et 
 
148 al., 2018). We then applied the new model at the landscape scale to make predictions of 
 
149 hydraulic failure due to drought in the Millennium (2000–2010) and “Big Dry” (2017–2019) 
 
150 droughts. We used our model simulations to identify if, where and when, species were most 
 
151 vulnerable to drought-induced mortality across South-East Australia (study area shown in 
 






154 Model description 
 
155 CABLE is a land surface scheme, which can be run offline with prescribed meteorological 
 
156 forcing (Wang et al., 2011; De Kauwe et al., 2015b; Ukkola et al., 2016b; Decker et al., 
 
157 2017; Haverd et al., 2018), or fully coupled (Pitman et al., 2011; Lorenz et al., 2014) within 
 
158 the Australian Community Climate Earth System Simulator (ACCESS, see 
 
159 http://www.accessimulator.org.au; Kowalczyk et al. (2013)). 




160 CABLE simulates the carbon, energy and water fluxes at the land surface, representing the 
 
161 vegetation using a single layer, two-leaf (sunlit/shaded) canopy model (Wang & Leuning, 
 
162 1998), with a detailed treatment of within-canopy turbulence (Raupach, 1994; Raupach et al., 
 
163 1997). In the model, soil water and heat conduction are numerically integrated over six 
 
164 discrete soil layers (4.6 m depth) following the Richards equation. The model groups 
 
165 vegetation globally into 11 plant functional types (PFTs). CABLE has the capacity to be run 
 
166 with an interactive biogeochemistry module (nitrogen and phosphorus) (Wang et al., 2010) 
 
167 and vegetation demography model (Haverd et al., 2014), but both of these were switched off 
 
168 for our simulations because leaf area index was prescribed (see below). 
 
 
169 A complete description of the model can be found in Kowalczyk et al. (2006) and Wang et al. 
 
170 (2011). The model source code can be accessed freely after registration at 
 
171 https://trac.nci.org.au/trac/cable. In this paper we used CABLE revision 6134. 
 
 
172 Simulating hydraulic failure 
 
173 Following Xu et al. (2016), we introduced an augmented plant hydraulic module (“Desica”) 
 
174 into CABLE to replace the default empirical representation of drought stress based on 
 
175 volumetric soil moisture content, weighted by the fraction of roots in each of CABLE’s six 
 
176 soil layers (De Kauwe et al., 2015b). Desica tracks water flow through the soil-plant- 
 
177 atmosphere continuum based on the gradient in water potentials between the leaf (𝛹𝛹l, MPa), 
 




179 For each soil layer (i), we related the volumetric water content (𝜃𝜃, m3 m-3) to soil water 
 
180 potential (𝛹𝛹s, MPa) following Campbell (1974): 




( 𝜃𝜃 ) ―𝑏𝑏 181 𝛹𝛹𝑠𝑠,𝑖𝑖 = 𝛹𝛹𝑒𝑒 𝜃𝜃𝑠𝑠𝑠𝑠𝑠𝑠 (1) 
 
 
182 where 𝛹𝛹𝑒𝑒 (MPa) is the air entry point water potential , 𝜃𝜃𝑠𝑠𝑠𝑠𝑠𝑠 (m3 m-3) is the soil volumetric 
 
183 moisture content at saturation and 𝑏𝑏 (unitless) is the empirical pore size distribution index 
 
184 which approximates the slope of the soil-water retention curve (Clapp & Hornberger, 1978). 
 
 
185 To obtain a representative value of whole root-zone 𝛹𝛹s, we weighted the average 𝛹𝛹𝑠𝑠 for each 
 
186 of the six soil layers by the weighted soil-to-root resistance to water uptake (𝑅𝑅𝑠𝑠, MPa s m2 m- 
 
187 3) of each layer (Williams et al., 2001a; De Kauwe et al., 2015b). Following Gardner (1960), 
 




𝑙𝑙𝑛𝑛( 𝑟𝑟𝑠𝑠 ) 
𝑟𝑟𝑟𝑟 
189 𝑅𝑅𝑠𝑠,𝑖𝑖 = 2𝜋𝜋𝑙𝑙𝑟𝑟𝐷𝐷𝐷𝐷𝑠𝑠𝑠𝑠𝑖𝑖𝑙𝑙 
(2) 
 
190 where 𝑟𝑟𝑠𝑠 is the mean distance between roots (m) (Williams et al. 2001a), 𝑟𝑟𝑟𝑟 is the fine root 
 
191 radius (m) (Williams et al. 2001a), 𝐷𝐷 is the depth of the soil layer (m) (Jackson et al. 1996), 𝑙𝑙𝑟𝑟 
 
192 is the fine root density (m m-3) (Williams et al. 2001a) and 𝐷𝐷𝑠𝑠𝑠𝑠𝑖𝑖𝑙𝑙 is the soil hydraulic 
 
193 conductivity (m2 s-1 MPa-1) which depends on soil texture and soil water content. The total 
 
194 below-ground soil-to-root resistance is calculated as the reciprocal of the summed inverses of 
 
195 each soil layer’s resistance. 
 
 
196 To solve the leaf (𝛹𝛹𝑙𝑙) and stem water potentials 𝛹𝛹𝑥𝑥 requires integration, which can lead to an 
 
197 instability due to the dependence on 𝛹𝛹𝑙𝑙. Xu et al. (2016) proposed a simplification by treating 
 
198 𝛹𝛹𝑥𝑥 as a constant (𝛹𝛹𝑥𝑥𝑠𝑠 ― 1) by using the previous time step (Equation 5), which allows 𝛹𝛹𝑙𝑙 to be 
 
199 solved analytically. Similarly, the soil water potential is assumed to be a constant (𝛹𝛹𝑠𝑠𝑠𝑠𝑠𝑠 ― 1) 




200 when calculating 𝛹𝛹𝑥𝑥 (Equation 8). Xu et al. (2016) argued that their simplifications did not 
 
201 result in large biases at the 10-minute timescale. Here, we followed their approach at the 30- 
 
202 minute timescale due to the limitations of the forcing data. 
 
 




204 𝛹𝛹𝑙𝑙 = 
(𝑠𝑠𝑙𝑙𝛹𝛹𝑙𝑙𝑠𝑠 ― 1 + 𝑏𝑏𝑙𝑙)𝑒𝑒





205 where 𝛹𝛹𝑙𝑙𝑠𝑠 ― 1 is the leaf water potential from the previous time step (MPa), 𝑎𝑎𝑠𝑠 is the timestep 











208 𝑏𝑏𝑙𝑙 = 





209 where 𝑘𝑘𝑥𝑥𝑙𝑙 is the conductance from the stem water store to the leaves (mmol m-2 s-1 MPa-1), 𝐸𝐸 
 
210 is the transpiration flux from the canopy (mmol m-2 s-1), 𝐶𝐶𝑙𝑙 the leaf capacitance (mmol m-2 s-1 
 
211 MPa-1) scaled up by the canopy leaf area (LAI, m2 m-2). 
 
 








𝑠𝑠 ― 1 





214 where 𝛹𝛹𝑥𝑥𝑠𝑠 ― 1 is the stem water potential from the previous time step. 𝑠𝑠𝑥𝑥 and 𝑏𝑏𝑥𝑥 are solved as: 












216 𝑏𝑏𝑥𝑥 = 





217 where 𝛹𝛹𝑠𝑠𝑠𝑠𝑠𝑠 ― 1 is the weighted soil water potential from the previous timestep. 𝑘𝑘𝑠𝑠𝑥𝑥 is the 
218 conductance from the soil to the stem water store (mmol m-2 s-1 MPa-1), which includes the 
 
219 weighted soil-to-root conductance to water uptake (i.e. 1 / 𝑅𝑅𝑠𝑠) and the conductance from the 
 
220 root surface to the stem water pool (assumed to be halfway between the roots and the leaves). 
 
221 𝐶𝐶𝑠𝑠 is stem capacitance (mmol m-2 s-1 MPa-1) scaled up by the leaf area-to-sapwood area ratio 
 
222 (LA:SA), sapwood density (kg m-3) and height (m). 𝐽𝐽𝑠𝑠𝑙𝑙 is the flux of water from the stem to 
 




224 𝐽𝐽𝑠𝑠𝑙𝑙 = 
(𝛹𝛹𝑙𝑙 ― 𝛹𝛹𝑙𝑙𝑠𝑠 ― 1)𝐶𝐶𝑙𝑙 
𝑎𝑎𝑠𝑠 + (LAI ⋅ 𝐸𝐸) (9) 
 
 
225 Xu et al. (2016) iteratively solved an optimal stomatal conductance model based on 𝛹𝛹l. 
 
226 Instead, we used a stomatal conductance model that assumes a sigmoidal sensitivity to 𝛹𝛹l 
 




228 𝑔𝑔𝑠𝑠 = max(𝑔𝑔𝑚𝑚𝑖𝑖𝑛𝑛,1.6𝑔𝑔1𝐶𝐶𝑠𝑠
𝑓𝑓(𝛹𝛹𝑙𝑙)) (10) 
 
229 where 𝑔𝑔𝑠𝑠 (mol m−2 s−1) is the stomatal conductance to water vapour, gmin is the water lost via 
 
230 cuticular conductance from internal stored water (Choat et al., 2018; Blackman et al., 2019), 
 
231 𝐴𝐴𝑛𝑛 is the net assimilation rate (𝜇𝜇mol m−2 s−1), 𝐶𝐶𝑠𝑠 is the CO2 concentration at the leaf surface ( 
 
232 𝜇𝜇mol mol−1) and 𝑔𝑔1 (unitless) is a fitted constant representing the slope of the sensitivity of 𝑔𝑔𝑠𝑠 








233 to 𝐴𝐴𝑛𝑛 (-). The factor of 1.6 converts from conductance to CO2 to conductance to water vapour. 
 
234 𝑓𝑓(𝛹𝛹𝑙𝑙) is a sigmoidal function defined as: 
 
 
1 + 𝑒𝑒(𝑆𝑆𝑓𝑓𝛹𝛹𝑓𝑓) 
235 𝑓𝑓(𝛹𝛹𝑙𝑙) = 
1 + 𝑒𝑒(𝑆𝑆𝑓𝑓(𝛹𝛹𝑓𝑓 ― 𝛹𝛹𝑙𝑙)) 
(11) 
 
236 where 𝑆𝑆𝑓𝑓 (MPa−1) determines the shape of the response of 𝑔𝑔𝑠𝑠 to 𝛹𝛹𝑙𝑙 and 𝛹𝛹𝑓𝑓 (MPa) is a 
 
237 reference water potential. 
 
 
238 Xylem conductance (𝑘𝑘𝑥𝑥) was assumed to decline via cavitation: i.e. a relative drop from a 
 
239 maximum value (the maximum plant hydraulic conductance, 𝑘𝑘𝑝𝑝𝑙𝑙𝑠𝑠𝑛𝑛𝑠𝑠; mmol m-2 leaf s-1 MPa-1) 
 



































245 𝑉𝑉 = (50 ― 100)ln(1 ― 50/100) (14) 
 
 
246 where 𝑃𝑃50 is xylem pressure inducing 50% loss of hydraulic conductivity due to embolism 
 
247 (MPa) and 𝑆𝑆50 (% MPa-1) is the slope of the percentage loss of hydraulic conductivity (PLC) 
 
248 at 𝑃𝑃50. 
( 




249 We assume that cavitation can be fully recovered following rainfall (Xu et al., 2016). We 
 
250 extend Xu et al. (2016) by allowing CABLE to track hydraulic failure until it reaches the 
 
251 critical threshold of hydraulic failure associated with mortality. To achieve this, we assume 
 
252 that following stomatal closure, 𝛹𝛹x continues to decrease as water is lost via gmin (Choat et al., 
 
253 2018; Blackman et al., 2019). Previous work has shown a strong link between a threshold 
 
254 corresponding to an 88% loss of stem hydraulic conductance (P88) and drought mortality (Urli 
 
255 et al., 2013; Li et al., 2015, 2018). Here, we do not equate P88 with mortality, but rather 
 
256 interpret it as indicative of the vegetation approaching a point of hydraulic stress likely to 
 
257 correspond to mortality, 𝛹𝛹crit. We make this distinction because each grid cell (~5 km2) would 
 
258 contain a number of trees, not all of which would be dead. To bridge the gap from 𝛹𝛹crit to 
 
259 mortality would require stochastic approaches that are beyond the scope of the study. 
 
 
260 Model simulations 
 
261 New land-cover map 
 
 
262 We replaced the standard vegetation land-cover map used in CABLE with a five-class land- 
 




265 system). NVIS classifies the extent and distribution of vegetation types in Australian 
 
266 landscapes into 32 classes. We reclassified the vegetation classes that make up South-East 
 
267 Australia based on the drought manipulation experiments on 12 dominant tree species, so as 
 
268 to represent five major woody vegetation types 
 
269 (https://data.nsw.gov.au/data/dataset/4b6f1b3f-f33a-4e56-a6dd-5b052f28a361) in New South 
 
270 Wales, Australia (see below). Our five new vegetation classes (Figure S4) were: (i) rainforest 
 
271 (RF); (ii) wet sclerophyll forest (WSF); (iii) dry sclerophyll forest (DSF); (iv) grass woodland 
 
272 (GRW); and (v) semiarid woodland (SAW). 




273 Model parameterisation 
 
 
274 Each of the five new vegetation classes was parameterised based on the hydraulic and 
 
275 physiological traits measured in the drought manipulation experiments conducted by Li et al. 
 
276 (2018), Li et al. (2019) and Blackman et al. (2019). Full details are given by Li et al. (2018) 
 
277 but in brief, after 4 months of growth, seedlings of each species were transplanted to a 
 
278 polytunnel growth facility at Western Sydney University. Seedlings were placed into 25 l 
 
279 bags filled with native loamy sand top-soil. There were two drought phases: (i) plants were 
 
280 first dried until the point of visual wilting and then re-watered for 10 days to allow for full 
 
281 recovery; and then (ii) water was completely withheld to allow plants to use up all of their 
 
282 available water reserves. A full suite of hydraulic and physiological traits was measured 
 
283 during the second dry-down period. 
 
 
284 Hydraulic traits measured on young plants grown under common conditions are assumed to 
 
285 reflect trait values of mature trees growing in the field. In the case of stem xylem cavitation 
 
286 resistance, there is evidence that this is true for Eucalyptus species, with P50 measured on the 
 
287 main stem axis of younger plants closely matching P50 of branches collected from mature 
 
288 trees in the field (Bourne et al., 2017; Blackman et al., 2019). Stem P50 also appears to have 
 
289 limited plasticity in response to growth environment (Lamy et al., 2014) . Leaf hydraulic 
 
290 traits may be expected to vary more in response to growth environment and this variation 
 
291 could lead to bias in model output. 
 
 
292 Species traits were averaged within vegetation classes as grouped by Li et al. (2018). 
 
293 Specifically for each vegetation class, we estimated values for P50, kplant (plant hydraulic 
 
294 conductance, mmol m-2 leaf s-1 MPa-1), Cl, Cs, Vcmax (maximum carboxylation rate at 25 °C, 𝜇𝜇 
 
295 mol m-2 s-1), Jmax (maximum rate of electron transport at 25 °C, 𝜇𝜇mol m-2 s-1), g1; gmin (mmol 




296 m-2 s-1), S50, Sf (MPa-1, assumed to be fixed) and 𝛹𝛹f. The key parameter values are shown in 
 
297 Table 1. 
 
 
298 To apply the model at the landscape scale we had to make several simplifying assumptions. 
 
299 To scale up the measured branch capacitance and obtain an estimate of total Cs, we used 
 
300 experimentally measured estimates of LA:SA and sapwood density (Table 1) and height 
 
301 estimates from LiDAR data (Simard et al., 2011). We estimated heights of 32 m, 29 m, 25 m, 
 
302 11 m and 7 m for the RF, WSF, DSF, GRW and SAW vegetation classes based on the median 
 
303 heights of pixels within each vegetation class derived from the Geoscience Laser Altimeter 
 
304 System, LiDAR data (Simard et al., 2011). Root biomass was prescribed based on the 
 
305 measured fine root biomass at the Eucalyptus woodland Free Air CO2 Enrichment research 
 
306 facility in native Australian forest experiment – 832 g C m-2 (Jiang et al., 2020) – and used to 
 
307 calculate 𝑙𝑙𝑟𝑟 in Equation 2. This biomass value is comparable to values used in previous 
 
308 studies (Williams et al., 2001b; Schwarz et al., 2004; Fisher et al., 2007; Hill et al., 2011) but, 
 
309 in reality, root biomass would vary spatially. We found that our single site model results were 
 
310 insensitive to varying fine root biomass between 200 and 1000 g C m-2 (Transpiration Root 
 
311 Mean Squared Error, RMSE < 1 W m-2). Root density (0.5 g cm-3) and root resistivity (25 
 
312 MPa s g mmol-1) were prescribed following Williams et al. (2001b) and Bonan et al. (2014), 
 
313 respectively. Bonan et al. (2014) found their plant hydraulics model to be most sensitive to 
 
314 root resistivity among the root parameters. CABLE-hydraulics, however, showed no notable 
 
315 sensitivity to root resistivity (Transpiration Root Mean Squared Error, RMSE < 1 W m-2), 
 
316 even when assuming a value as high as 150 MPa s g mmol-1. 
 
 
317 In our model simulations, we also assumed that each 5 km2 grid cell was only occupied by 
 
318 trees with a leaf area prescribed based on satellite data. This assumption is unrealistic 
 
319 (because a large proportion of South-East Australia is composed of a mixture of trees, 




320 agricultural land and grasslands); we made it because we aimed to explore drought-induced 
 
321 tree mortality. As models (even dynamic vegetation models) do not realistically account for 
 
322 below-ground water competition (see Fisher et al. 2018 for a review of the state-of-the-art), 
 
323 our assumption is the same as running a tiled model (grid box divided into fractions of 
 
324 different surface type) and simply analysing the tree fraction. The model results are 
 
325 interpreted accordingly. 
 
 
326 Model forcing 
 
 
327 We performed offline simulations for South-East Australia (~400,000 km2) using gridded, 30- 
 
328 minute meteorological forcing of precipitation, downward shortwave and longwave radiation, 
 
329 surface air temperature, surface specific humidity, surface wind speed, surface air pressure 
 
330 and atmospheric carbon dioxide concentration. We ran the model over the period 2000–2010 
 
331 (Millennium Drought; spin-up 1995–1999) and 2017–2019 (Big Dry; spin-up 2011–2016) at 
 
332 a resolution of 0.05° (~5 km2). The meteorological data were sourced from the Bureau of 
 
333 Meteorology’s Australian Water Availability Project (AWAP) (Jones et al., 2009) and the 
 
334 near-surface wind data of McVicar et al. (2008; McVicar, 2011). Data were downscaled from 
 
335 daily inputs to 3-hourly time steps using a weather generator (Haverd et al., 2013) and then 
 
336 linearly interpolated to obtain 30-minute forcing. For the precipitation forcing, 30-minute data 
 
337 were obtained by first translating the 3-hourly rate to 30-minutes time slots and then assuming 
 
338 zero rainfall for the additional 30-minutes time slots. Wind data from McVicar (2011) were 
 
339 not available for 2019 so a monthly climatology from 2014-2018 was substituted. 
 
 
340 CABLE was run with prescribed LAI based on a climatology (1999–2017) derived from the 
 
341 Copernicus LAI product, which is distributed by the Copernicus Global Land portal 
 
342 (http://land.copernicus.eu/global/). The Copernicus LAI product is derived from 




343 SPOT/VEGETATION and PROBA-V data at 10-day intervals at a 0.01° (~1 km) spatial 
 
344 resolution using a neural network approach. To force CABLE, we degraded the data from a 
 
345 resolution of 0.01° to 0.05°. By prescribing LAI we avoid the need for a long model spin-up, 
 
346 only requiring five years to stabilise the soil temperature and root-zone soil moisture. 
 
347 Prescribing the LAI also avoids the assumption that the forest is in equilibrium with the 
 
348 current climate, as would be the case had we spun up the model’s carbon cycle. The model 
 
349 was therefore spun up using five-year periods (repeating the meteorological forcing, 1995- 
 
350 1999 and 2011-2016, see below). 
 
 
351 Soil properties (e.g. texture, soil hydraulic and thermal characteristics) for CABLE were 
 
352 based on the SoilGrids (Hengl et al., 2017) data. Data were degraded using local area 
 
353 averaging from 250m to 0.05° for simulations. We also tested the sensitivity of our results to 
 
354 the 90m Soil and Landscape Grid of Australia soil dataset 
 
355 (https://www.clw.csiro.au/aclep/soilandlandscapegrid) degraded to 0.05° (~5 km) but found 
 
356 no significant impact arising from the choice of dataset. As is standard in CABLE, we 
 





359 Sensitivity experiment 
 
 
360 To better understand the resilience to drought conferred by hydraulic traits, we also carried 
 
361 out a model sensitivity experiment. Starting from a wet soil profile and without further 
 
362 precipitation, we asked: how long would it take for each vegetation class to reach 𝛹𝛹crit 
 
363 (assumed to be P88)? For each of the five vegetation types, we sampled (5 samples) ±35% of 
 
364 the measured trait averages for gmin, P50, Cl and Cs. We also sampled between the interquartile 
 
365 range (i.e. difference between 75th and 25th percentiles) LAI value, 𝜃𝜃𝑠𝑠𝑠𝑠𝑠𝑠 and 𝑏𝑏 found within 




366 the geographical range of each vegetation class. Temperature was fixed to 35°C and a relative 
 
367 humidity set to 10%. A temperature of 35°C is common in summers in South East Australia: 
 
368 in New South Wales, the average maximum temperature during summer is 31°C and the 10 
 





371 For computational efficiency, we coupled the plant hydraulics module (Desica) to a big-leaf 
 
372 canopy module (with the same coupled photosynthesis-stomatal conductance approach from 
 
373 CABLE) and a single soil water “bucket” (of varying depth between 0.1 and 1 m), where the 
 
374 only losses from the soil profile were assumed to be due to transpiration (E=1.6𝑔𝑔𝑠𝑠D). In total, 
 
375 we ran 140,625 simulations in the sensitivity experiment. 
 
 
376 The sensitivity experiments were designed to examine the vegetations’ tolerance to extreme 
 
377 drought conditions but as the simulations use an imposed extreme climate and a simpler 
 
378 representation of soil hydrology, the exact simulated day of 𝛹𝛹crit should be interpreted 
 
379 cautiously. Instead, we were interested in the relative simulated differences between to 𝛹𝛹crit 
 
380 for the vegetation classes. 
 
 
381 Data sets used 
 
382 Satellite data 
 
 
383 To test whether our model realistically predicts where water stress occurred during the 
 
384 Millennium Drought, we calculated anomaly maps (percent difference) using remote sensing 
 
385 estimates of vegetation optical depth (VOD) and normalised difference vegetation index 
 
386 (NDVI). 




387 VOD data describes the attenuation of microwave wavelengths through the vegetation layer 
 
388 and has been assumed to be most sensitive to above-ground vegetation water content and 
 
389 changes in leaf/branch biomass (van Dijk et al., 2013). We used two VOD datasets to 
 
390 quantify the change in the vegetation due to drought. For the Millennium drought, we 
 
391 calculated the average and greatest difference from a baseline average between 1993 and 
 
392 1999, using a merged passive microwave VOD product (Liu et al., 2011). For the Big Dry 
 
393 (2017-2018) we estimated an anomaly from a baseline between 2010 and 2016. In the latter 
 
394 case, we used the land parameter data record (LPDR) version 2 VOD product (Du et al., 
 
395 2017), which uses retrievals from the Advanced Microwave Scanning Radiometer for EOS 
 
396 (AMSR-E) and the Advanced Microwave Scanning Radiometer 2 (AMSR2). We used two 
 
397 different products because no single microwave sensor covers the entire period. 
 
 
398 NDVI quantifies the photosynthetically active radiation that is absorbed by vegetation and so 
 
399 captures changes in foliar vegetation during periods of water stress. For the Millennium 
 
400 drought, we calculated the average and greatest difference from a baseline average between 
 
401 1993 and 1999 (baseline chosen to match VOD). For the Big Dry (2017-2018), we estimated 
 
402 an anomaly from a baseline between 2010 and 2016. In each case, we used the NOAA 
 
403 Climate Data Record version 4 product based on the Advanced Very High Resolution 
 
404 Radiometer (AVHRR) sensor (Vermote, 2019). 
 
 
405 In both remotely sensed estimates, we excluded the final summer period from our anomaly 
 
406 calculation for the Big Dry (2019), owing to the potential contamination due to fires in South- 
 
407 East Australia. 
 
 
408 Climatic water deficit 




409 A number of approaches have been used in the literature to quantify drought impact via a 
 
410 climatic water deficit. To explore the usefulness of these approaches, we calculated an 
 
411 estimate of climatic water deficit: precipitation minus potential evapotranspiration (P-PET). 
 
412 For the calculation of mean P-PET at 0.05° resolution, precipitation data was taken from 
 
413 AWAP and PET was calculated following Priestley & Taylor (1972) from AWAP monthly 
 
414 incoming shortwave radiation (converted to sunshine hours) and mean air temperature using 
 
415 the R package rstash (https://github.com/rhyswhitley/r_stash; Davis et al. (2017)). 
 
 
416 Ozflux eddy covariance 
 
 
417 To evaluate the new hydraulics module, we ran CABLE-Hydraulics at two woodland sites 
 
418 within the Australian eddy covariance network: the Wombat state forest (37.42°S, 144.09°E; 
 
419 Griebel et al. (2016)) and Tumbarumba (35.65°S, 148.15°E; Keith et al. (2012)) sites. We 
 
420 assumed that the Wombat site could be represented as a DSF and Tumbarumba as a WSF 
 
421 vegetation type. Those sites were chosen because the measurements records cover periods 
 
422 with significant drought. The CABLE outputs compared to half-hourly eddy covariance 
 
423 measurements of the exchange of carbon dioxide, energy, and water vapour obtained from 
 
424 OzFlux (http://www.ozflux.org.au/, last access: 26 April 2017). We used Level 6 gap-filled 
 
425 data following Isaac et al. (2017). Flux data were pre-processed using the FluxnetLSM R 
 
426 package Ukkola et al. (2017) and then screened to retain measured and good-quality gap- 
 
427 filled data. 
 
 
428 Analysis code 
 
429 All analysis code is freely available from 
 
430 https://github.com/mdekauwe/SE_AUS_drought_risk_paper.git 







432 Sensitivity experiment 
 
 
433 Figure 1 shows the time taken for each vegetation class to reach 𝛹𝛹crit, expressed as a 
 
434 histogram. Varying all the possible trait combinations leads to a marked overlap in 
 
435 distributions of the simulated day of 𝛹𝛹crit, with the exception of the SAW class. Despite this 
 
436 overlap, there is a notable separation in the peaks of the WSF and RF classes and the GRW 
 
437 class has a very broad upper tail, which overlaps with the SAW class. Our model results 
 
438 suggest that the WSF class was the most vulnerable and the least vulnerable was SAW. 
 
439 Perhaps counter-intuitively, the RF class emerges as more resilient than all classes except 
 
440 SAW (but note broad upper tail of GRW). This result is due to a combination of the very 
 
441 negative P50 (Table 1), which is the third most resistant among the five vegetation classes and 
 
442 the lowest gmin value, meaning that the rate of cuticular water loss is relatively low. Overall, 
 
443 gmin, LAI and P50 (in that order of importance) were the predictors that contributed most to 
 
444 vegetation resilience (assessed using partial residual plots; not shown). Finally, the 
 
445 overlapping distributions in the simulated day of 𝛹𝛹crit, imply that when embedded within 
 
446 CABLE, our model should predict gradients in 𝛹𝛹crit rather than sharp boundaries that follow 
 
447 vegetation class boundaries. 
 
 
448 Drought simulation at eddy-flux sites 
 
 
449 Figures 2 and 3 show two flux site-scale comparisons between observations of latent heat flux 
 
450 (LE), flux-derived gross primary productivity (GPP) and simulated fluxes by standard 
 
451 CABLE (Control) and the new CABLE-Hydraulics (Hydraulics) model. At both sites there is 




452 evidence of pronounced water stress (shown by the gaps between rainfall events). These site- 
 
453 scale simulations allow us to evaluate the new hydraulics model. 
 
 
454 Introducing a representation of plant hydraulics leads to marked improvements in CABLE’s 
 
455 capacity to simulate carbon and water fluxes during periods of water stress. During the 
 
456 periods of water stress, the hydraulics model approximately halves the error in the modelled 
 
457 LE relative to the Control, whilst also improving the simulation of GPP. At Wombat (Figure 
 
458 2), the RMSE in LE was reduced from 37 W m−2 to 20 W m−2 (Pearsons’s correlation 
 
459 coefficient, r: 0.61 vs 0.82) and at Tumbarumba (Figure 3), the RMSE was reduced from 56 
 
460 W m−2 to 36 W m−2 (r: 0.31 vs 0.58). These improvements result from the replacement of the 
 
461 empirical drought-stress function based on soil texture (Fig S5; Figures S6 and S7 show the 
 
462 evolution of modelled water potentials at both sites) with two drought-stress modifiers based 
 
463 on 𝛹𝛹l, 𝛹𝛹x and measured hydraulic traits (e.g. P50). Whilst it is clear that the new hydraulics 
 
464 could be improved further (i.e. the sensitivity in both the control and hydraulics model 
 
465 relative to the control remains similar), it is important to note that these simulations have not 
 
466 been tuned to any of the sites. 
 
 
467 Climatic water deficit 
 
 
468 Figure 4 shows the widely used climatic water deficit metric (P−PET) prior to (panel a) and 
 
469 the difference (during the Millennium Drought minus prior, panel b). In an environment 
 
470 where PET is always high (due to high solar radiation and temperature), this approach is of 
 
471 limited value for inferring drought impact on the vegetation, as panel b show little 
 
472 distinguishable difference (hence we do not show the Big Dry). These climatic deficit maps 
 
473 (Figure 4) can be compared to the year-to-year rainfall decile maps, which show distinct 
 
474 spatial patterns (Figure S1). 




475 Contrasting these P−PET deficit maps with maps that depend on actual evapotranspiration 
 
476 (AET), as simulated via CABLE-Hydraulics during the Millennium drought (Figure 5a) and 
 
477 the Big Dry (Figure 5b), clearly highlights the spatially heterogeneous impact of the drought. 
 
478 Both maps show greater deficit inland (moving west), although the regions of greatest deficit 
 
479 differ in spatial location and magnitude between the droughts. Overall, the simulated water 
 
480 stress (lower P-AET) was noticeably greater throughout South-East Australia during the Big 
 
481 Dry compared to the Millennium Drought, particularly east of 145°E. 
 
 
482 Simulated hydraulic failure 
 
 
483 In the coastal regions, despite the simulated (P-AET) deficit due to the drought (cf. Figures 5a 
 
484 to 5b focussing on north of 32°S and south of 37°S), CABLE simulates no signs of 
 
485 approaching 𝛹𝛹crit (the xylem pressure inducing 88 % loss of hydraulic conductivity) at any 
 
486 point during either drought (Figures 6a,b). These predictions are consistent with the satellite 
 
487 anomaly maps (VOD and NDVI), which both suggest limited impact along the coast of 
 
488 South-East Australia (Average anomaly: Figures 7 and 8; Greatest anomaly: Figures S8 and 
 
489 S9). Moving west and inland, the impact of the Big Dry is more marked than that of the 
 
490 Millennium drought, with many regions approaching a greater maximum PLC ~40-50 % 
 
491 (145°E to 151°E). In both droughts, CABLE consistently simulates large areas that reach 𝛹𝛹crit 
 
492 (north of 35°S and west of 145°E). In those regions, CABLE-Hydraulics indicates that trees 
 
493 would be unlikely to survive those two most recent droughts. Figure S10 shows the 
 
494 timecourse of 𝛹𝛹sw, 𝛹𝛹l and 𝛹𝛹x for four representative pixels from the GRW and SAW 
 
495 vegetation classes during the Big Dry. As can be seen by comparing Figures S10c and S10d, 
 
496 greater LAI (Figure S10d, see also sensitivity experiment) and so higher losses via gmin leads 
 
497 to increased water stress for SAW pixels. 




498 Comparing the regions of greatest drought impact according to the remote sensing data 
 
499 (Average anomaly: Figures 7 and 8; Greatest anomaly: Figures S8 and S9) to the maps of 
 
500 maximum PLC (Figure 6), there is a reasonable degree of spatial agreement. The regions of 
 
501 greatest drought impact in both the VOD and NDVI maps are also areas of significant (>50 
 
502 %) PLC. The higher agreement between the PLC map and the NDVI data, may relate to our 
 
503 assumption of perfect recovery upon rewatering (see discussion). The NDVI data for the Big 
 
504 Dry (Figure 8b) shows a more marked decline in green canopy cover than the Millennium 
 
505 drought (Figure 8a) and this is broadly consistent with the PLC maps (Figure 6). CABLE 
 
506 does appear to miss the decline in NDVI south of 37°S; however, this feature is not evident in 
 
507 the VOD data (Figure 7b). Overall, CABLE simulates a more widespread impact due to 
 
508 drought than the satellite data but is qualitatively consistent in identifying the regions of 
 
509 greatest impact. It is worth noting that CABLE is simulating uniform tree cover throughout 
 





512 Figure 9 shows the PLC map as an average timeseries for each tree class, allowing us to 
 
513 visualise the point during the droughts at which CABLE simulated the greatest impact. In the 
 
514 Millennium Drought (Figure 9a), the impact was greatest for all vegetation classes during mid 
 
515 2002 – mid 2003 and mid 2006 – mid 2007, which is consistent with the rainfall decile maps 
 
516 (Figure S1). There is an increasing accumulated level of drought impact (GRW and SAW) as 
 
517 illustrated by a year-on-year increase in PLC between 2003 and 2007 (Figure 9). For the Big 
 
518 Dry, Figure 9b, there is a worsening state of the vegetated land surface leading into the 2019– 
 
519 2020 austral spring/summer. 
 
 
520 Sensitivity to soil moisture 




521 PLC increases as soil water declines for the Millennium drought (Figure 10; Figure S11 
 
522 shows the Big Dry). We can see that in both droughts the DSF, GRW and SAW classes had 
 
523 very low available soil moisture in their top four layers (𝜃𝜃 < 0.17 m3 m-3). For the DSF class 
 
524 this led to little increase in PLC, but by contrast the simulated PLC for the GRW exceeded 
 
525 20% for a large number of pixels. Given the similarity in the parameterised traits (Table 1, see 
 
526 also Figure 1), these differences show the additional stress imposed by the climate, e.g. 
 
527 through temperature and vapour pressure deficit. This sensitivity to climate becomes more 
 
528 pronounced at low volumetric soil water content values (cf. GRW and SAW) when the total 
 
529 below-ground soil-to-root resistance (see Equation 2) is greatest and the 𝛹𝛹x and 𝛹𝛹l drop 
 
530 significantly diurnally, leading to higher PLC values. In our sensitivity experiment (Figure 1), 
 
531 we sampled the interquartile range of LAI found within the SAW vegetation class and 
 
532 matching expectations based on traits (Table 1), the SAW appeared more resilient than other 
 
533 classes. However, for a ~1 % of pixels within the SAW vegetation class, LAI values exceeded 
 






536 Did trees die during the droughts? 
 
 
537 Globally, Australia stands out with limited reports of recent widespread drought-induced tree 
 
538 mortality (Allen et al., 2015). There are a number of studies that have historically documented 
 
539 drought-related tree mortality across Australia (Hopkins, 1973; Landsberg, 1985; Pook, 1986; 
 
540 Fensham et al., 2009; Ross & Brack, 2015), but reports of mortality during the decadal 
 
541 Millennium Drought are surprisingly few (Keith et al., 2012). This contrasts with recent 
 
542 droughts in the California and Texas, in which severe droughts were estimated to have killed 
 
543 100 million and 300 million trees, respectively (Asner et al., 2016; Moore et al., 2016; 




544 Service, 2016). Were tree deaths during the Millennium Drought simply not recorded? Or 
 
545 instead are Australian tree species exceptionally resilient to drought and did not approach 
 
546 critical hydraulic thresholds? For large areas of South-East Australia (that supports a large 
 
547 proportion of Australia’s forests), CABLE-Hydraulics did not predict that the trees 
 
548 approached 𝛹𝛹crit in either drought (Figure 6). These results were qualitatively in spatial 
 
549 agreement with remote sensing estimates, noting that the remote sensing estimates do not 
 
550 show mortality (Average anomaly: Figures 7 and 8; Greatest anomaly: Figures S8 and S9). 
 
551 However, the model is likely to be too sensitive to water stress in the initial phase (stomatal 
 
552 closure) of drought response (Figures 2 and 3), and too insensitive in the second phase 
 
553 (cuticular water loss), where we do not have data to evaluate the model. 
 
 
554 Our model did predict potential drought-induced mortality across the extremely arid regions 
 
555 in northwestern New South Wales (Fig. S3), but this result should be interpreted cautiously. 
 
556 To explore tree-related drought mortality, we assumed that trees were able to grow all across 
 
557 South-East Australia. In the northwestern region we are approaching the Simpson desert 
 
558 where Donohue et al. (2009) used a satellite-derived estimate of persistent tree cover (a proxy 
 
559 for where trees grow) for this region to indicate that no trees grow there. However, trees 
 
560 having the mallee growth form, characterised by multiple stems and a massive lignotuber, are 
 
561 present, but are patchily located and sometimes in close proximity to river features. It has 
 
562 been suggested that these mallee communities could be classified either as woodlands or as 
 
563 shrublands given their physiognomy, which appears to be uniquely Australian (Whittaker et 
 
564 al., 1979). Thus, an alternative view of CABLE’s prediction is that trees, as defined by the 
 
565 five simulated habitat types, should not be able to live there during a drought without 
 
566 additional water sources (e.g. groundwater). 








569 suggest extensive tree mortality during the Big Dry across South-East Australia. Much of this 
 
570 mortality was observed during significant heatwaves in summer 2019, a period that we were 
 
571 unable to examine in the remotely-sensed data owing to the extensive bushfires. These 
 
572 observations would appear to be odds with our model predictions for the Big Dry (Figure 6b). 
 
573 Our model simulations simulated broadly similar results between the two droughts we 
 
574 examined, where the emerging reports point to a greater impact from the shorter, more- 
 
575 intense Big Dry. This may imply that while we have improved simulation performance during 
 
576 the initial phase of drought response by incorporating hydraulic function, more data are 
 
577 needed to better constrain the second phase (see below). In situ measurements of leaf water 
 
578 potential, carbohydrates reserves, leaf shedding, vulnerability to cavitation (𝛹𝛹50, 𝛹𝛹88) and 
 
579 capacitance, would be particularly valuable. In addition, the anecdotal observations of canopy 
 
580 death during the heatwaves indicate that we need to more closely examine interactions 
 
581 between drought and heatwaves (so-called compound events) and simulated vegetation 
 
582 function in future work. 
 
 
583 Emerging reports of canopy death are yet to be verified: many eucalypts may appear dead due 
 
584 to total canopy defoliation following hydraulic failure i.e. they hit 𝛹𝛹crit and, yet the trees may 
 
585 not be dead, since many eucalypts, resprout following rain (Nolan et al., 2014). Furthermore, 
 
586 trees may not die directly from drought, but due to many other factors that may be associated 
 
587 with drought (e.g. pests and pathogens) (Weed et al., 2013). Thus, attempts to predict drought 
 
588 mortality may need to consider resprouting capacity as well as hydraulic failure. 
 
 
589 Australian trees are likely to be among the first ecosystems to be exposed to extremes of 
 
590 climate (e.g. higher temperatures) under climate change and insight into ecosystem responses 




591 to extremes may be disproportionately valuable (van der Horst et al., 2019) to developing 
 
592 theory for trees world-wide. Most studies that have explored responses to drought compare 
 
593 measured hydraulic traits but ignore differences in local climate. Or put another way, studies 
 
594 have evaluated vulnerability simply from the axis of sensitivity and not accounted for risk too. 
 
595 Our results highlight the importance of integrating both traits and climate to gain insight into 
 
596 mortality predictions across species. In our (experimentally constrained) model simulations, 
 
597 the divergence in ecosystem flux trajectories towards 𝛹𝛹crit is greater within vegetation classes 
 
598 than what the traits themselves would imply (cf. PLC map, Fig. 6 and Table 1). 
 
 
599 Hydraulics models in land surface models 
 
 
600 Poor model performance during periods of water stress (Powell et al., 2013; Medlyn et al., 
601 2016; Ukkola et al., 2016a) have led authors to argue that we require a more mechanistic  
602 approach to determine the impact of water stress on vegetation function in models (Sperry & 
603 Tyree, 1988; McDowell et al., 2013; Zhou et al., 2013; De Kauwe et al., 2015a; Sperry et al., 
604 2017). It is plausible that model improvements could be achieved by replacing the widespread 
605 empirical functions based on soil moisture availability and texture with more mechanistic  
606 representations of plant hydraulics. A series of land surface schemes have successfully 
607 demonstrated this point with recent model advancements (Bonan et al., 2014; Christoffersen 
 
608 et al., 2016; Xu et al., 2016; Kennedy et al., 2019; Eller et al., 2020; Sabot et al., 2020). 
 
609 However, to date, the focus has predominantly been on individual sites (but see Xu et al., 
610 2016) and integrating trait measurements into viable global parameterisations for land surface 
611 models remains a key challenge (not least due to the lack of high spatiotemporal resolution 
612 climate data). Current coupled climate models do not adequately represent legacy effects of 
613 drought (e.g. turnover of plant tissues, instantaneous recovery, etc), including drought- 
614 induced mortality. Recovery after drought is not likely to be instantaneous (Saatchi et al., 




615 2013; Wigneron et al., 2020), as commonly assumed by models, implying that surface energy 
 
616 partitioning feedback on atmospheric processes may be in gross error, which may be 
 
617 particularly important in future projections. 
 
 
618 In this study, we introduced a hydraulics model into the CABLE LSM and made landscape- 
619 scale (~400,000 km2) predictions of drought-induced mortality (𝛹𝛹crit) during the Millennium 
620 drought and Big Dry across South-East Australia. The new hydraulics model notably 
621 improved simulations of carbon and water fluxes at the site level (Figures 2 and 3). In making 
622 predictions of the evolution of xylem tension during drought we have significantly advanced 
623 the predictive capacity of one state-of-the-art LSM, opening new research avenues to simulate 
624 realistic predictions of drought-induced mortality. 
 
625 Our hydraulics approach does have limitations that are pertinent for the LSM community to 
626 consider further. First, in order to produce realistic simulations of water potentials, we had to 
627 drive CABLE with 30-minute meteorological forcing, requiring us to use a weather generator. 
628 At a spatial resolution of 0.05° (~5 km2), these forcing files become significantly larger than 
629 files typically used to run offline LSMs. Using a weather generator introduces a new set of 
630 biases, for example by muting the diurnal variability in meteorological forcing, which may in 
631 turn reduce the intensity of atmospheric drivers during periods of weather extremes. 
 
632 Second, explicit representations of plant hydraulics require additional model parameters, not 
633 just the most widely available hydraulic trait, P50 (see Table 1). This is the most challenging 
634 limitation to LSMs adopting these hydraulics approaches. Where would appropriate 
635 parameters come from at the global scale? Particularly, as hydraulic traits have been shown to 
 
636 have similar distributions when re-interpreted not at the species level, but in PFTs more 
 
637 commonly used in LSMs (Konings & Gentine, 2017). Here, we were fortunate to be able to 




638 use an existing drought manipulation experiment that considered a wide spectrum of species 
639 originating from a marked aridity gradient. In future work we plan to extend this approach, 
640 particularly to consider a wider range of species originating from mesic environments. An 
641 alternative approach that may reduce the parameterisation burden would be to move towards 
642 the new generation of stomatal optimisation models that also account for hydraulic function 
643 (Sperry et al., 2017). For example, Sabot et al. (2020) recently demonstrated considerable 
644 promise applying one of these approaches at the ecosystem-scale, improving model 
645 predictions during European droughts. Sabot et al. (2020) also proposed a number of 
 
646 simplifications that would make an optimisation approach viable within LSMs. 
 
 
647 We used a modified version of the Tuzet et al. (2003) stomatal model to limit stomatal 
 
648 conductance as a function of 𝛹𝛹l. This approach is attractive as it removes the requirement to 
649 assume a minimum 𝛹𝛹l (e.g. Williams et al., 1996; Bonan et al., 2014; Xu et al., 2016), which 
650 requires that plants follow isohydric behaviour during water stress, contrary to the emerging 
651 literature indicating a broad spectrum of isohydric and anisohydric stomatal behaviour (Klein, 
652 2014; Martin-StPaul, 2017). However, using the Tuzet et al. (2003) model approach is not 
653 without limitations: for example, Yang et al. (2019) recently showed it to simulate unrealistic 
654 declines in 𝛹𝛹l with increasing vapour pressure deficit, in contrast to experimental 
655 observations. This may also explain the discrepancy in sensitivity to water stress shown 
 
656 between model and observations in the flux evaluations (Figures 2 and 3). 
 
 
657 Future directions 
 
 
658 During the summer of 2019-2020, >5 million ha of forest burnt across South-East Australia 
659 (Nolan et al., 2020). The preceding drought which began in 2017, likely played a key role in 
660 priming the land surface to burn, due to increased dry fuel litter (leaf and branch shedding). In 




661 our first attempt at a hydraulics model for Australia we did not consider the mechanistic 
662 turnover of plant tissues, but this is clearly an important future research direction. Xu et al. 
663 (2016) and Trugman et al. (2019) demonstrated promise in dynamically linking leaf 
664 phenology to plant hydraulics. Establishing a link between plant hydraulics and leaf shedding 
665 (Wolfe et al., 2016) may greatly improve current approaches used to predict the likelihood 
666 that the land surface will burn. Existing approaches (e.g. the McArthur Forest Fire Danger 
667 Index) make simplistic assumptions about litter and its dryness, meaning that they are over- 
668 dependent on fire weather (i.e. temperature-based) metrics. 
 
669 Our model simulations did highlight (Figures 5c and 6b) marked impact of drought across the 
670 more mesic northeastern woodlands (forests) of New South Wales, consistent with some of 
671 the lowest rainfall totals on record. However, the coastal areas that burnt in the 2019-2020 fire 
672 season were not necessarily regions our model highlighted as locations that approached 𝛹𝛹crit. 
673 That is not to say that CABLE did not predict these regions were impacted by drought, but it 
674 did not simulate that the drought was extreme enough to induce 𝛹𝛹crit. Comparing the soil 
675 water content for the RF, WSF and DSF regions between the Millennium drought and the Big 
676 Dry, shows very similar patterns (cf. Figures 10 and Figures S11). Future model-based work 
677 may address the length and severity of water deficit that would be required for more mesic 
678 vegetation areas to reach 𝛹𝛹crit. This could prove important for future land management, 
679 particularly given that the Big Dry may have been broken by recent extensive rainfall across 
 





682 In our study we assumed that once stomata had closed (“first” drought phase), water 
 
683 continues to be lost at a significantly lower rate via gmin (a proxy for stomatal leakiness; 
 
684 “second” drought phase). Extensive measurements of gmin are still limited (see Duursma et al., 




685 2018 for a review) but some studies have suggested the rate of water loss may have a 
 
686 temperature dependency in some species (Bueno et al., 2019), implying a potentially 
 
687 important interaction during drought. To make these model simulations viable at high-spatial 
688 resolution (~5 km), we had to make a series of simplifying assumptions (e.g. that there is 
689 xylem refilling (see D. et al., 2018), or additional xylary resistance (see Brodribb & 
690 Holbrook, 2004), which require careful evaluation against ground-based data. To bridge this 
691 gap, plant water potentials during heatwaves and droughts would be particularly valuable to 
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Figure 1: Probability density and histograms showing the time taken to reach the point of 
1080 hydraulic failure (Ψcrit) for each of the five vegetation classes in the absence of precipitation, 
1081 with a constant air temperature of 35°C and a relative humidity of 10%. For each vegetation 
1082 class, the (horizontal) spread in the time taken to reach hydraulic failure relates to resilience 
1083 infered from sampling all possible photosynthetic (e.g. Vcmax), hydraulic (e.g. P50) and 
1084 structural (LAI) traits. The vegetation classes shown are: Rainforest (RAF), Wet sclerophyll 
1085 forest (WSF), Dry sclerophyll forest (DSF), Grassy Woodland (GRW) and Semi-arid 





1086 woodland (SAW). For each vegetation class, the curved line shows the fitted kernel density 




Figure 2: A comparison between fluxes simulated by the Control and Hydraulics model for 
1089 gross primary productivity (GPP) and latent heat flux (LE) at the Wombat State Forest 
1090 FLUXNET site during a pronounced period of water stress. The data have been smoothed 




Figure 3: A comparison between fluxes simulated by the Control and Hydraulics model for 
1093 gross primary productivity (GPP) and latent heat flux (LE) at the Tumbarumba FLUXNET 
1094 site during a pronounced period of water stress. The data have been smoothed with a 5-day 




Figure 4: Average climatic water deficit: precipitation (P) minus potential evapotranspiration 
1097 (PET) (a) prior to the Millennium Drought (1990–2000) and (b) the difference: during the 




Figure 5: Average climatic water deficit: precipitation (P) minus actual evapotranspiration 
1100 (AET) (a) simulated by CABLE-hydraulics for (a) Millennium Drought (2000–2009) and (b) 




Figure 6: Maximum percentage loss of hydraulic conductivity (%) simulated by CABLE 
1103 during (a) the Millennium drought (2000–2009) and (b) the Big Dry (2017–2019) (panel b). 




Figure 7: Remotely sensed map of the relative percentage difference between: (a) the mean 
1106 summer (December–February) vegetation optical depth (VOD) during the Millennium 





1107 drought (2000–2009) relative to 1993–2000 and (b) the mean summer VOD during the Big 
1108 Dry (2017–2018) relative to 1993–2016. Note we do not include the final summer 2019 due 




Figure 8: Remotely sensed map of the relative percentage difference between: (a) the mean 
1111 summer normalised difference vegetation index (NDVI) during the Millennium drought 
1112 (2000–2009) relative to 1993–2000 and (b) the mean summer NDVI during the Big Dry 
1113 (2017– 2018) relative to 1993–2016. Note we do not include summer 2019 due to the 




Figure 9: Timeseries of the percentage loss of hydraulic conductivity (%) for each of the five 
1116 vegetation classes during (a) the Millennium drought and (b) Big Dry. For each vegetation 
1117 class, the line shows the spatial average across all pixels. The vegetation classes shown are: 
1118 Rainforest (RAF), Wet sclerophyll forest (WSF), Dry sclerophyll forest (DSF), Grassy 




Figure 10: Sensitivity of percentage loss of hydraulic conductivity (%) to soil water 
1121 availability in the top four soil layers (0.64 m, 80% of roots) for each vegetation class during 
1122 the Millennium drought. The vegetation classes shown are: Rainforest (RAF), Wet 
1123 sclerophyll forest (WSF), Dry sclerophyll forest (DSF), Grassy Woodland (GRW) and Semi- 




Supplementary Figure 1: South-East Australia’s July to June annual rainfall during the 
1126 Millennium drought (2000–2009) relative to historic records (1900–2018). Maps show each 
1127 year’s rainfall ranked against historic records expressed as a percentile. 





1128 Supplementary Figure 2: South-East Australia’s July to June annual rainfall during the Big 
1129 Dry (2016–2018) relative to historic records (1900–2018). Maps show each year’s rainfall 








Supplementary Figure 4: New tree landcover map for South-East Australia, classified from 
1133 the National Vegetation Information System’s distribution of vegetation types in Australian 
1134 landscapes. The legend shows: Rainforest (RAF), Wet sclerophyll forest (WSF), Dry 




Supplementary Figure 5: Water stress modifiers used in CABLE shown as: (a) a function of 
1137 volumetric soil moisture content in the Control model and (b) (leaf and stem) water potential 
1138 in the Hydraulics model. In the Control model, the water stress modifier limits canopy gas 
1139 exchange, whereas in the hydraulics model Ψl limits stomatal conductance as a function of 
1140 leaf water potential and Ψx limits whole-plant hydraulic conductance as a function of stem 
1141 water potential. In the Control model, the water stress sensitivity is shown for a sand soil and 





Supplementary Figure 6: Modelled pre-dawn weighted soil (Ψsw), midday leaf (Ψl) and 
1145 midday stem (Ψx) water potentials at the Wombat State Forest FLUXNET site during a 




Supplementary Figure 7: Modelled pre-dawn weighted soil (Ψsw), midday leaf (Ψl) and 
1148 midday stem (Ψx) water potentials at the Tumbarumba FLUXNET site during a pronounced 
1149 period of water stress. 





1150 Supplementary Figure 8: Remotely sensed map of the relative percentage difference between: 
1151 (a) the lowest summer (December–February) vegetation optical depth (VOD) during the 
1152 Millennium drought (2000–2009) relative to 1993–2000 and (b) the mean summer VOD 
1153 during the Big Dry (2017–2018) relative to 1993–2016. Note we do not include the final 




Supplementary Figure 9: Remotely sensed map of the relative percentage difference between: 
1156 (a) the lowest summer normalised difference vegetation index (NDVI) during the Millennium 
1157 drought (2000–2009) relative to 1993–2000 and (b) the mean summer NDVI during the Big 
1158 Dry (2017–2018) relative to 1993–2016. Note we do not include summer 2019 due to the 




Supplementary Figure 10: Modelled pre-dawn weighted soil (Ψsw), pre-dawn stem (Ψx) and 
1161 midday leaf (Ψl) water potentials for two representative Grassy Woodland (GRW) (panels a 
1162 and b) pixels and two representative Semi-arid woodland (SAW) (panels c and d) pixels 
1163 during the Big Dry (2016–2019). Note the difference in trajectories between panels c and d 




Supplementary Figure 11: Sensitivity of percentage loss of hydraulic conductivity (%) to soil 
1166 water availability in the top four soil layers (0.64 m, 80% of roots) for each vegetation class 
1167 during the Big Dry. The vegetation classes shown are: Rainforest (RAF), Wet sclerophyll 
1168 forest (WSF), Dry sclerophyll forest (DSF), Grassy Woodland (GRW) and Semi-arid 
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Figure 4: Average climatic water deficit: precipitation (P) minus potential evapotranspiration (PET) (a) prior 
to the Millennium Drought (1990–2000) and (b) the difference: during the Millennium Drought minus prior 
for South-East Australia. 








Figure 5: Average climatic water deficit: precipitation (P) minus actual evapotranspiration (AET) (a) 
simulated by CABLE-hydraulics for (a) Millennium Drought (2000–2009) and (b) the Big Dry (2017–2019). 








Figure 6: Maximum percentage loss of hydraulic conductivity (%) simulated by CABLE during (a) the 
Millennium drought (2000–2009) and (b) the Big Dry (2017–2019) (panel b). Ψcrit is the xylem pressure 
inducing a 88 % hydraulic conductivity. 








Figure 7: Remotely sensed map of the relative percentage difference between: (a) the mean summer 
(December–February) vegetation optical depth (VOD) during the Millennium drought (2000–2009) relative 
to 1993–2000 and (b) the mean summer VOD during the Big Dry (2017–2018) relative to 1993–2016. Note 
we do not include the final summer 2019 due to the confounding impact of fires across South-East Australia. 








Figure 8: Remotely sensed map of the relative percentage difference between: (a) the mean summer 
normalised difference vegetation index (NDVI) during the Millennium drought (2000–2009) relative to 1993– 
2000 and (b) the mean summer NDVI during the Big Dry (2017– 2018) relative to 1993–2016. Note we do 
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Figure 10: Sensitivity of percentage loss of hydraulic conductivity (%) to soil water availability in the top 
four soil layers (0.64 m, 80% of roots) for each vegetation class during the Millennium drought. The 
vegetation classes shown are: Rainforest (RAF), Wet sclerophyll forest (WSF), Dry sclerophyll forest (DSF), 









 Definitions Units RF WSF DSF GRW SAW 
g1 Stomatal slope - 4.2 3.2 4.8 4.8 5.1 




































































S50 Slope of the percentage 









74.3 35.3 30.5 26.7 17.8 
P50 Water potential at 50% 
loss of hydraulic 
conductivity 
MPa -4.3 -3 -3.5 -4.5 -7.1 
Cl        Leaf capacitance mmol 
m-2 s-1 
MPa-1 
Cs       Stem capacitance mmol 
m-2 s-1 
MPa-1 
659.1 342.9 349.2 405.1 509.1 
 
 
8819.2 53266.1 26255.4 32508.6 11598.5 
LA:SA Leaf area-to-sapwood m2 m-2 10000.0 9434.7 7908.6 6139.2 2556.9 
 area ratio  
WD Sapwood density kg m-3 540.0 355.0 460.0 436.7 613.3 
 
 
Table 1: Summary of vegetation type parameter values. The five vegetation types are: 
rainforest (RF); wet sclerophyll forest (WSF); dry sclerophyll forest (DSF); grass woodland 
(GRW); and semiarid woodland (SAW). Values shown are species averages based on Li et 
al. (2018), except for Sf, which was assumed to be fixed and the LA:SA for the RF class 
which was assumed to be 10,000 m2 m-2. 
